Abstract: Fires in urban-forest ecosystems (UFEs) are frequent with complex causes, posing a serious hazard to human lives and infrastructure. Thus, quantifying wildfire risks in UFEs and their spatial pattern is quintessential to develop appropriate fire management strategies. The aim of this study was to explore spatial (geographically weighted logistic regression, GWLR) versus non-spatial (logistic regression, LR) modelling approaches to determine the relationship between forest fire occurrence and driving factors in Yichun, a typical urban-forest ecosystem in China. As drivers of fire, 13 factors related to topographic, vegetation, infrastructure, meteorological and socio-economy were considered and regressed against fire occurrence data from 1980 to 2010. Results demonstrate the superiority of GWLR models over LR in terms of prediction accuracy, goodness of fit and model residuals. The GWLR model further captured the spatial variability of driving factors over a broad study area, and the fire likelihood maps identified areas with different zones of fire risk in the study area.
Introduction
Uncontrolled forest fire results in loss of forest resources and land degradation, while affecting air quality and posing a threat to human life and property [1] [2] [3] . Urban-forest ecosystems (UFEs) are zones that consist of urban areas and surrounding forests. In China, the UFEs usually refer to the forested city or urban area with high forest coverage. Compared to natural forests or remote forested regions, more forest fires occur in UFEs due to the high frequency of human activities and density of infrastructure [4] . Although these fires are generally small due to early detection, intense suppression efforts and better firefighter accessibility [5] , every ignition source has the potential to grow into a large fire. The large and increasing number of lives and infrastructures being exposed to wildfire hazard highlights the need to quantify wildfire risks and understand the fire drivers in UFEs. However, the causes of UFE fires are usually more complex than those in pure forested areas due mainly to various human activities, thus a fire prediction tool, which can fully account for the complexity between fire occurrence and its driving factors, is urgently needed.
Fire prediction modelling has become an important tool for forest managers to recognize the timing and location of fire events and to optimize the allocation of resources for firefighting [6] . In the past decade, many different statistical methods have been applied to identify fire driving factors and establish fire prediction models by considering all possible environmental, topographic, climatic and infrastructure factors. These include the artificial neural network [7] , the maxent algorithm [8] , the autoregressive model [9] , classification trees [10] , global logistic regression [11] [12] [13] [14] [15] [16] [17] [18] [19] , multiple linear regression and random forest [20] [21] [22] , of which logistic regression is the most commonly used tool.
On the other hand, improved 3S technology (Remote Sensing, RS; Geographical Information System, GIS; Global Position System, GPS) enable the application of large spatial information of factors such as topography, vegetation, and climate for fire modeling [17] [18] [19] 21, 23, 24] , which provides a valuable contribution to the improvement of fire management and prevention strategies. However, the most commonly used methods mentioned above have not fully considered the spatial heterogeneity of the relationship between fire occurrence and its potential drivers, but have instead assumed that model parameters are valid and homogeneous for the entire study area, or assumed that the models are spatially stationary or non-spatial. In reality, however, the relationship between fire ignitions and driving factors are spatially non-stationary, and the coefficients of model parameters vary with spatial location [4] .
Geographically weighted regression (GWR) is a useful analytical tool that can provide information on spatial non-stationarity in relationships between variables [25] . Geographically weighted logistic regression (GWLR) is an extension of GWR; currently being applied in the fields of fire occurrence prediction and fire risk mapping, and its superiority over general logistic regression (LR) has started to manifest [4, 26, 27] . However, to date, comprehensive analyses of the application of GWLR to understand specific relationships between variables and forest fire in China arelimited [28] ; in particular, whether GWLR is a proper method for fire risk evaluation in UFEs is still a critical question that needs to be answered.
Thus, the aims of this study were to (1) evaluate the applicability of GWLR to identifying the spatial-informative driving factors of fire occurrence prediction in Yichun, China; (2) explore the importance of considering spatial interaction between factors and fire occurrence on fire risk analysis; and (3) map the likelihood of fire occurrence based on selected fire driving factors and propose relevant fire management perspectives for the study area. The study will provide valuable insights to better understand drivers of fire in UFEs in China by accounting for spatial variation of potential driving factors.
Materials and Methods

Study Area
The study was conducted in Yichun city, which is located in the Chinese boreal forest ecosystem (127 • 37 -130 • 46 E, 46 • 28 -49 • 26 N) with an administrative area of 32,759 square km and average altitude about 600 m (Figure 1 ). Yichun has the world's largest plantation area of Pinus koraiensis. The average annual air temperature is 1 • C; average annual precipitation is between 750 and 820 mm. Yichun is a typical forest resource-based urban city and ecological garden city, which make it a famous destination for tourism. Because of its geographic location, Yichun exhibits some common characteristics of boreal forest ecosystems and is threatened by fire [29, 30] . The fire season extends from April to October and ignitions are mainly caused by human activities [31] . According to Forest Fire Prevention Office of Yichun, China, the majority of reported fires during the period 1980-2010 occurred due to human activity (31.78%), railways (29.2%), electrical wires (4.5%), lighting (5.47%), and other unknown reasons (29.05%) (Figure 1 ). There is an utmost need in this area for investigation of fire driving factors and mapping of fire risk for forest managers. 
Data Acquisition
Forest fire data from 1980 to 2010 were collected from the Forest Fire Prevention Office of Yichun, China. This dataset included fire location, size, cause, and date of occurrence. Since both LR and GWLR models require binary target variables, we randomly generated non-fire points as control points (1:1.5 as the fire ignition number) [15, 32] . To avoid creating control points that would be on the same or nearby location to fire ignition points, a buffer zone of 1000 m around fire points was considered as a barrier, excluding the control points that fell into the buffer [33] . The double random principle of time and space was adopted during the random generation process; i.e., the space coordinates were randomly generated, while the time points were selected from 360 months from 1980 to 2010 (repeatable), then the space and time points were randomly combined together. Our dependent variables consisted of real fire points (n = 479) and the generated control points (n = 720). For the purpose of analysis, we assigned a value of 1 to fire points and 0 to control points.
The independent variables used in this study consist of five categories, including topography, vegetation type, infrastructure, meteorology, and socio-economic factors, with a total of 13 explanatory variables. The meteorological dataset was composed of average monthly precipitation, average monthly relative humidity, and average monthly temperature. Elevation, slope and aspect were used as topographic variables while distance to rivers, railways, roads and settlement were used as proxies of infrastructure, and forest types as a descriptor of vegetation. For socio-economic drivers, per capita GDP and population density were used as descriptors. Data sources and extraction methods are presented in Table 1 . Figure 1 . Maps of the study area, fire locations and fire cause distribution. "Human induced" cause in the pie chart represents both intentional and unintentional fires due to various human activities.
The independent variables used in this study consist of five categories, including topography, vegetation type, infrastructure, meteorology, and socio-economic factors, with a total of 13 explanatory variables. The meteorological dataset was composed of average monthly precipitation, average monthly relative humidity, and average monthly temperature. Elevation, slope and aspect were used as topographic variables while distance to rivers, railways, roads and settlement were used as proxies of infrastructure, and forest types as a descriptor of vegetation. For socio-economic drivers, per capita GDP and population density were used as descriptors. Data sources and extraction methods are presented in Table 1 . The codes chosen may not include the whole description of the variable for simplicity purposes.
Modeling Approaches
Both LR and GWLR modelling approaches were applied to predict fire occurrence in the UFEs. The LR, a non-spatial model, is a generalized linear model with a binomial distribution for the response variable. It has been widely used on forest fire-related studies and the model has been described in detail elsewhere [11, 28, 32, 34] . The GWLR model assumes that the relationship between the dependent variable and independent variables is spatially dependent and varies withlocation [35] . It is an expansion of the global (non-spatial) LR model that takes into account geographic location factors and carries out LR for each location. Therefore, the estimation of parameter coefficients in a GWLR model is spatially variable. The GWLR model can be written as follows:
where (u i ,v i ) are geographic coordinates for location i, and
are the regression coefficients for location i. The calculation of estimated coefficients for location i uses weighted least-squares regression, namely:
whereβ(u,v) is the estimated value of β, W(u,v) is the weighting matrix, and X is the independent variable matrix [28, 36, 37] . To fit the model, Adaptive Gaussian function was employed, as it has shown strong performance in previous studies [28] :
where W ij is the weight value of an observation at location j for estimating the coefficient at location i, d ij is the Euclidean distance between locations i and j, θ is the bandwidth size, and θ i(k) is the kernel bandwidth size defined as the kth nearest neighbor distance. In a GWLR model, estimation of parameters is related to the bandwidth used by the kernel function; thus, the optimal kernel bandwidth was determined by corrected Akaike's Information Criterion (AICc) [38, 39] .
Model Fitting and Evaluation
Prior to model fitting, multicollinearity analysis was conducted, and no correlation between independent variables and dependent variables was detected. Therefore, all predictor variables were included during model fitting. Two types of tests (i.e., the full variables test and significant variables test) were set up to compare the fitting effect of LR and GWLR models. To avoid the influence of sample distribution on test results, the complete dataset was divided into 60% training and 40% validation sets [21] . This procedure was iterated five times, resulting in five data sub-sets and a complete dataset. Procedures for the two test types were as follows: (1) in the all variables test, 13 independent variables were used to fit the five data sub-sets and the complete dataset; (2) in the significant variables test, the forward Wald method was used in the LR model to select significant variables. In the GWLR model, we used an approach applied by previous researchers to determine whether local parameter estimates were significantly stationary or not [28, 35] . That is to say, the variables might exhibit non-stationarity if the inter-quartile range (25% and 75% quartiles) of the GWLR parameters was greater than ±1 standard deviations (SD) of the equivalent global LR parameters. This approach was applied in the GWLR model to fit five data sub-sets, and variables that appeared to be significant in space in at least three out of five intermediate models were included in the final model. In order to model the entire study area, we applied local polynomial interpolation using ArcGIS 10.2 to estimate coefficients for the non-observed values [3] . The LR model was computed using SPSS 19.0 software (IBM, New York, NY, USA) while GWR4.0 software (Department of Geography, Ritsumeikan University, Kyoto, Japan, updated 7 May 2012) was used for fitting the GWLR model.
To assess the predictive performance of LR and GWLR, AIC, AICc, and sum of squared errors (SSE) were employed. The smaller the AIC, AICc, and SSE values are, the better the performance of the model fitting will be. Additionally, Receiver Operating Characteristic (ROC) curve analysis [40] was used to evaluate the prediction accuracy of these two models. The area under the curve (AUC) was the measurement criterion of model prediction accuracy [41, 42] , where the larger the AUC value is, the better the performance of the model fitting will be [43] . In addition, the Youden criterion (i.e., Youden criterion = sensitivity + specificity − 1) was used to determine the cut-off point derived from ROC curve analysis. If the predicted probability of fire occurrence is greater than the cut-off point, there is a considerable chance of forest fire occurrence; otherwise, there is no forest fireoccurrence [11, 15] . Based on this, the correct classification rate of both models was computed, and the classification accuracy of the two models compared.
The total residuals of LR and GWLR models in the full variables and significant variables tests were calculated. We also performed interpolation using the Kriging method on the residuals of LR and GWLR models, respectively in ArcGIS 10.0. Besides, the spatial autocorrelation pattern in residuals of both models was compared using correlograms [44, 45] . The smaller the value of Moran's I, the better the performance of the model fitting, taking into account spatial structure [46] . Correlograms and Moran's I values were calculated using the Rookcase software package inMicrosoft Excel [47, 48] .
Classification of Fire Risk Zones
Likelihood maps of fire occurrence were created based on the LR and GWLR models. The mapping process was conducted using Kriging interpolation in an ArcGIS 10.2 environment. Furthermore, cut-off values of each model (the average cut-off value of the five data sub-sets and complete dataset) were used to divide the study area into three fire risk zones following Changet al. [19] as: (1) low fire risk zone (cutoff = 0), (2) medium fire risk zone (cutoff = 0.5) and (3) high fire risk zone (cutoff > 0.5). Spatial distribution characteristics of the likelihood of forest fire occurrence were analyzed and high fire risk zones within the study area were identified.
Results
Overview of LR and GWLR Models
Model Fitting
The contribution of each explanatory variable and significant variable in the LR and GWLR models, as well as the respective estimated coefficients are given in Table 2 . For both modeling approaches, negative correlations were found between fire occurrence and distance to railway, distance to settlement, slope, elevation, monthly average relative humidity, and per capita GDP; while a positive correlation was observed between fire occurrence and distance to the road and average monthly temperature. While population density negatively correlated with fire occurrence in the LR model, distance to river and monthly average precipitation correlated positively and negatively with fire occurrence, respectively in GWLR. Explanatory variables that had no significant correlation with fire occurrence for both modeling approaches were vegetation type and aspect. In addition, population density in the GWLR model and monthly average precipitation in the LR model had no significant correlation with fire occurrence. Evaluation of model performance revealed that the GWLR model had smaller AIC, AICc and SSE values; but a slightly higher AUC and prediction accuracy for each data sub-set and the complete dataset than the LR model ( Table 3 ). The average prediction accuracy of the LR model was 76.69% and 65.62% for training and validation sets, respectively, whereas the GWLR model predicted the likelihood of fire occurrence with 82.04% and 81.48% accuracies for the training and validation sets, respectively.
Residual Analysis
Both total residuals and spatial pattern of residuals for the LR and GWLR model were produced for the all variables test and significant variables test. The distribution of residual for both models appeared to be more or less symmetrical, with no serious bias; and the median residuals of the GWLR model were closer to 0 compared to the LR model (Figure 2) . With regard to the spatial pattern of residuals, the GWLR model had the best fit; i.e., overall smaller residuals across the study area ( Figure 3) . In contrast, the overall residual of the LR final model was higher than that of GWLR and spatially uneven. The positive (under-prediction) and negative (over-prediction) residuals of the LR model were also clustered within the study area. The Moran's I values were smaller for the GWLR than the LR model at different lag classes (Figure 4) , indicating that the GWLR modelling had minimized residuals that might be caused by spatial autocorrelation. 
Spatial Distribution of Fire-Drivers
Spatial interpolation of the estimated coefficient of explanatory variables included in the GWLR model was performed using the complete dataset to better understand their spatial pattern. The estimated coefficients of the GWLR model showed that distance to railway, distance to settlement, elevation, slope, population density and per capita GDP were negatively correlated with fire occurrence over the entire study area, while aspect and average monthly temperature correlated 
Spatial interpolation of the estimated coefficient of explanatory variables included in the GWLR model was performed using the complete dataset to better understand their spatial pattern. The estimated coefficients of the GWLR model showed that distance to railway, distance to settlement, elevation, slope, population density and per capita GDP were negatively correlated with fire occurrence over the entire study area, while aspect and average monthly temperature correlated positively with fire occurrence in the majority of the study area. Other variables, including distance to road, forest type, distance to river, average relative humidity, and precipitation showed both positive and negative relationships over the study area ( Figure 5 ). positively with fire occurrence in the majority of the study area. Other variables, including distance to road, forest type, distance to river, average relative humidity, and precipitation showed both positive and negative relationships over the study area ( Figure 5 ). Table 1 . The estimated coefficient was displayed with a warm color (orange to red) when positive and with a cold color (blue) when the coefficient was negative. Table 1 . The estimated coefficient was displayed with a warm color (orange to red) when positive and with a cold color (blue) when the coefficient was negative.
The spatial heterogeneity of coefficients of selected significant variables, such as distance to railway, distance to residential area, average relative humidity, elevation and per capita GDP showed a negative correlation with forest fire occurrence across the study area ( Figure 6 ). However, the influence area of other variables on fire occurrence concentrated in some specific parts of Yichun. The average monthly precipitation and distance to river only showed a significant positive relationship with forest fires in the south and north of Yichun, respectively. Both slope and distance to road have a strong negative correlation with fire occurrence at the center of the study area; distance to road also positively correlated to fire occurrence in the south and north of Yichun. The spatial heterogeneity of coefficients of selected significant variables, such as distance to railway, distance to residential area, average relative humidity, elevation and per capita GDP showed a negative correlation with forest fire occurrence across the study area ( Figure 6 ). However, the influence area of other variables on fire occurrence concentrated in some specific parts of Yichun. The average monthly precipitation and distance to river only showed a significant positive relationship with forest fires in the south and north of Yichun, respectively. Both slope and distance to road have a strong negative correlation with fire occurrence at the center of the study area; distance to road also positively correlated to fire occurrence in the south and north of Yichun. Figure 6 . Spatial patterns of estimated GWLR coefficient for selected significant variables. If the t-value of the estimated coefficient for a particular variable is <−1.96 or >1.96, then the variable had a significant effect on fire occurrence; otherwise the variable was considered as insignificant. Negative coefficients are mapped with cold colors (blue), and positive coefficients are mapped with warm colors (orange to red). The abbreviated variable names are the same as in Table 1 . Figure 6 . Spatial patterns of estimated GWLR coefficient for selected significant variables. If the t-value of the estimated coefficient for a particular variable is <−1.96 or >1.96, then the variable had a significant effect on fire occurrence; otherwise the variable was considered as insignificant. Negative coefficients are mapped with cold colors (blue), and positive coefficients are mapped with warm colors (orange to red). The abbreviated variable names are the same as in Table 1 .
Fire Risk Classification
Maps of the likelihood of fire occurrence show that fire ignition was more likely to occur in the central region of Yichun, where the majority of forest-related human activities have taken place, with low possibility of fire detected around the peripheral regions ( Figure 7A1,A2 ). In addition, fire risk zone maps derived from the cut-off values of LR and GWLR models showed more or less similar fire risk distribution in the study area; however, the GWLR model classified more high and moderate fire risk zones than the LR model ( Figure 7B1,B2) . The map obtained from both models shows that high fire risk zones were concentrated in the central region of Yichun; moderate risk zones surrounded the high risk zones, covering only minor regions of the study area; the low fire risk category covered the majority of the study area. 
Discussion
The study demonstrates spatial variability in fire occurrence and its drivers in the UFEs, and the GWLR modelling approach captures this variability better than the LR. The GWLR model has better classification accuracy than non-spatial LR models (Table 2) , with small spatial residuals 
The study demonstrates spatial variability in fire occurrence and its drivers in the UFEs, and the GWLR modelling approach captures this variability better than the LR. The GWLR model has better classification accuracy than non-spatial LR models (Table 2) , with small spatial residuals (Figures 2-4) . This is attributed to the fact that the GWLR model is not designed to model spatial autocorrelation; but rather estimates local parameters explicitly at each data point, which can account for spatial heterogeneity [37] . Our result is consistent with previous studies that demonstrated higher classification accuracy with GWLR than a non-spatial logistic regression modelling approach [3, 4] . The results also show that the causes of spatial variability in fire occurrence in UFEs are related to few anthropic and natural factors, notably infrastructure development, topography and weather variables. When studying factors that influence significantly the likelihood of fire occurrence, it is essential to consider regional variation in environmental and social conditions, as the same variables may function differently depending on the location and scale of analysis [49] .
In the present study, the most important fire drivers in the UFEs were distance to railway, distance to river, slope, elevation and monthly average relative humidity. However, some variables such as distance to road, distance to settlement, precipitation, and per capita GDP are only identified as main fire drivers in the GWLR model. Fire occurrence was negatively correlated to distance to railway, distance to settlement, elevation, relative humidity and per capita GDP (Figures 5 and 6 ). Railways reflect a transportation corridor in Yichun, and national fire records reveal that the majority of fire occurrences during this study period were accidental and negligent fires caused by human activities in and around railways, fire accidents by machinery, or lack of controlled burning activities near the tracks and railway infrastructure. Similar negative correlation between distance to railway and fire frequency was reported in the Upper Midwest states and Missouri and boreal forest in China [50] [51] [52] . On the contrary, Guo et al. [53] reported a positive relationship between fire and distance to railway in subtropical forest in China and [3] reported both positive and negative relationships with spatial distribution in the study area. This discrepancy reflects that the effects of distance to railway on fire occurrences are site-specific. The negative relationship between distance to settlements and fire occurrence in the GWLR model suggests that ignition is most likely to occur near settlements, since most fires are caused by various human activities, such as slash burning and clearing agricultural residue. Our findings agree with previous studies that demonstrated significant negative correlations between fire occurrence and human settlement and activities [32, [54] [55] [56] [57] .
Distance to road showed both significant positive (in the north and south of Yichun) and negative (in the central parts) influence on the likelihood of fire occurrence, revealing strong spatial variation in the influence of roads on fire occurrence. Distance to road has often been found to be related to human caused accidental or negligent fires [46, 58, 59] . Specifically, this risk appears to be higher in Wildland-Urban Interface (WUI) zones [15, 60] where population and human infrastructure facilities are close to forested zones [61] . The positive relationship between road and fire occurrence in northern and southern Yichun is a surprising result and difficult to explain, as these areas are relatively far away from urban areas and road density is low. More fires occur in the forests in these areas and may correlate statistically with greater distance from roads.
Results from the present study show that some topographic and weather variables were found to be important drivers of fire in UFEs. It has been shown that lower elevation and flatter areas correlate positively with fire occurrence [62, 63] . This is the case in many regions of China [30] , as the majority of people reside at lower elevations in the Chinese boreal forest, and the same findings have been reported elsewhere [64] [65] [66] . Elevation likely influences fire frequency through surfacemoisture [67] , species composition [68] , and fuel moisture [69] , which have been shown to increase with elevation. In addition, fire ignitions preferentially occur at lower elevations and at less steep slopes due to easy access by humans. Generally, steep slopes imply greater topographic roughness and are more difficult for humans to access [70] . As expected, average monthly relative humidity showed a significant negative correlation with fire occurrence over the whole of Yichun (Figure 6 ). High relative humidity induces an increase in moisture content of the fuel, thereby reducing the likelihood of fire. The GWLR model also identified a positive correlation between precipitation and fire occurrence, meaning high precipitation will increase the possibility of fire ignition. This might be related with increased growth of the herbaceous layer, which in turn increases the amount of fuel load. Similar findings were reported in other studies [71, 72] .
Socio-economic factors, population density and per capita GDP were negatively correlated with the likelihood of fire occurrence. Particularly, the probability of fire occurrence is lower in the northern part of the study area where per capita GDP is higher than the rural parts of the study area. One possible explanation would be a shift from traditional use of fire for heating and cooking to the use of modern fuels in a controlled environment. Similarly, as population density increases, availability of land resources decreases, which in turn reduces the likelihood of fire. Previous studies on the relationship between fire and GDP [36, 73] have found similar results. As a whole, GDP is an important factor to consider at a regional scale, as the probability of fire occurrence is always greater when the per capita GDP is low. Among explanatory variables considered in the present study, vegetation type and aspect appeared to play no role in predicting the likelihood of fire occurrence in the study area. The relatively simple spatial composition of vegetation type in Yichun might be the cause of the weak relationship between vegetation type and fire occurrence, which is consistent with other studies [74, 75] . Aspect is regarded as a critical factor of fire behavior, through its influence on wind speed, but was found to be poorly related to fire occurrence [76] . It is not surprising that aspect did not exhibit spatial variability as it is a pre-determined position in the landscape.
Conclusions and Management Perspectives
This study provides an improved understanding of the spatial variability of fire occurrence in Yichun, China, a typical UFE, as well as the relative importance of various underlying factors. Non-spatial global (LR) and spatial (GWLR) models were used to explore wildfire occurrence patterns and the main drivers. Compared to the LR model, the GWLR model demonstrated better performance, evidencing that spatially varying relationships improve the explanatory power of global LR models. The results show that both environmental and human factors influence the likelihood of fire occurrence in Yichun but the specific influence is spatially variable. The likelihood of fire occurrence was also mapped based on the two models, which in turn provided valuable information for improving fire prevention activities for local forest managers. This assessment contributes to the field of fire management and fire risk assessment in UFEs in China, as it quantitatively and spatially revealed the importance of accounting for local variation when modeling fire drivers.
Forest fire managers are often uncertain about the spatial locations where fire is likely to occur, thus linking fire ecology and management is paramount [77] . In this regard, the results of this study provide evidence about the importance of infrastructure and climate parameters as drivers of fire occurrence in the UFEs. From forest fire management perspectives, the findings have the following implications: (1) fire management policies should be developed based on spatial patterns of factors that will drive the maximum likelihood of fire occurrence; (2) allocation of resources for intensive fire prevention should be made based on the level of fire risk; (3) forest fire managers should implement fire prevention and fire suppression practices in high fire risk zones (such as railway tracks); and (4) planned burning would be a good option to reduce fuel loads and suppress unintended large fire, particularly around infrastructure facilities and settlements.
